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I. INTRODUCTION

D
EAD-ZONE characteristics are included in many practical plants such as electric servo-motors and hydraulic servo-valves. They are usually unknown and, moreover, may vary with time. Thus, when designing controllers for such plants, designers should consider not only the uncertainties in the linear part of the plants' models, but also the dead-zone uncertainties. In this paper, a new adaptive fuzzy logic controller (FLC) is designed for nonlinear plants with unknown dead-zone characteristics.
So far controllers to accommodate dead-zone uncertainties have been studied in adaptive and robust control areas [8] - [10] . They showed good results in performances. But they all used huge amounts of mathematical computations in modeling and designing controllers. Tao and Kokotović [9] specially developed an adaptive dead-zone inverse to cancel out the dead-zone effect. However, lots of computations are needed to calculate the adaptive control law and the control output signal is oscillatory like the bang-bang-type control. This may not be desirable in some aspects where effectiveness is considered such as in the fuel-optimal control case.
Since the fuzzy logic control technique was first introduced in the early 1970's, it has attracted more and more attention in control engineering areas. Its merits lie in that it is very useful when the process models are nonlinear or too complex for analysis and synthesis by conventional techniques. Many reports show that the FLC's produce results superior to those obtained by conventional control algorithms in these circumstances [1] , [2] .
However, there has been little research done in the fuzzy control of nonlinear plants with dead-zone characteristics, especially with time-varying unknown dead-zone characteristics. In this paper, we propose a new adaptive FLC that can cancel out dynamically the unknown and time-varying dead-zone effects by realizing the fuzzy dead-zone inverse implicitly. The fuzzy dead-zone inverse is characterized by the mapping between the control input and output variables. Adapting the scaling gains makes the fuzzy dead-zone inverse adaptive to the unknown and time-varying dead-zone effects.
The control resolutions of the control input variables are dependent on the scaling gains of the variables. Therefore, our fuzzy dead-zone inverse uses adaptation of the control resolutions. It is already known that different scaling gains of control variables or different control resolutions are required during the control process in order to get successful performances in both the transient and the steady states. Li and Gatland [7] use this concept to the tuning of the scaling gains and propose a fuzzy proportional integral (PI) controller which has two different scaling gain sets in the transient and steady states. They tuned the two gain sets in advance to give reasonable performances in the transient and steady states, respectively. When the system goes from the transient states to the steady states, the gain values used in the transient states are switched to the values for the steady states. But this scheme requires the trial and error method. In addition, the gain values should be changed according to the plant characteristics being controlled.
In this paper, we propose a new adaptive fuzzy controller with on-line gain-tuning algorithm that does not need the trial and error method and can be applied to the unknown time-varying dead-zone case. Actually, this algorithm was developed three years ago [12] and was proved its validity only by simulation results. In this paper, we propose an improved version of the algorithm and a qualitative analysis together. Finally, we show that the proposed fuzzy controller has an ability of self-constructing the fuzzy dead-zone inverse of the unknown time-varying dead-zones and thus canceling them out effectively. This paper is organized as follows. In Section II, we introduce briefly the control system architecture for the control of plants with unknown dead-zones and describe the fuzzy logic control schemes at first. In Section III, we define control resolutions and present two propositions. These propositions mean the control resolutions can be changed by the scaling gains, and also adjustment of the universe of discourse (UOD) of control variables has the same effect. In Section IV, the fuzzy dead-zone inverse is designed and analyzed how it works when the plants have unknown and/or time-varying deadzone characteristics. In Section V, several cases are considered including time-varying dead-zone characteristics and computer simulations show that the fuzzy dead-zone inverse with a special adpatation algorithm achieves significant reduction of the steady-state errors in all cases considered. Fig. 1 shows a control system for plants with a dead-zone characteristic in the actuator. The dead zone is characterized by the size of the dead zone and the slope of a linear region .
II. CONTROL SYSTEM ARCHITECTURE
The dead zone with input and output is described by (1) This is a simplified static model of complex physical phenomena with negligible fast dynamics. The difficulty of the control problem in such a case lies in that the dead-zone output is not measurable and the exact values of and are not known a priori either. Moreover, these parameters may vary with time.
A. Fuzzy Logic Control
A conventional proportional-derivative (PD) control algorithm is (2) If and are fuzzy variables and the PD gains, and , are replaced with the scaling gains of the FLC and , respectively, (2) becomes a fuzzy logic control algorithm The inference engine part contains the knowledge base of an FLC, which is composed of two components, the data base and the fuzzy control rule base. The data base of an FLC is concerned with control variables, membership functions, and how to partition the input ranges. At first, the control variables should be defined. The control input variables for the FLC are usually chosen as error and change of error. The control output variable is defined as the output for the fuzzy PD controller. Suppose is a linguistic control input variable; a label set corresponding to is as follows: (4) where each means negative big , negative medium , negative small , and so on. The membership functions (MF's) for the control input variables are triangular shaped.
The universe of discourse of each control variable is normalized from 1 to 1. The control output can be determined from the center average method as follows: (5) where is the output control gain, is the grade of the th output MF, is the output label for the value contributed by the th MF, and is the number of contributions from the rules.
B. Knowledge Base Design and Rule Optimization
The fuzzy control rules connect the process error and the change of error to the control output. These rules are expressed as If is ZE and is ZE then is ZE Such a group of rules forms a fuzzy control rule base. How to design these rules is problem dependent and, in most cases, depends strongly on an expert's experience.
We use a rule-optimization technique based on the analysis of phase-plane characteristics [7] , but somewhat modified from [7] for fuzzy PD control. Fig. 3(a) shows the map of a rule table for the process control which has the general phase-plane characteristics. In the region B1, error is relatively large and rules for shortening the rise time are needed. As the state goes to the point c1, rules for preventing overshoot are required. So the rules for the control output in this region are positive. In the region B2, rules for minimizing the overshoot are needed.
The control outputs near are positive because is positive and control outputs near are negative because is negative. As the result, we could extract the optimal rules from the analysis of the phase-plane characteristics. 
III. RELATIONSHIP BETWEEN CONTROL RESOLUTION AND UNIVERSE OF DISCOURSE
To design a new adaptive FLC, which has a dead-zone inverse characteristic in the steady states, let us define the control resolution that is important in the analysis of the steady states of control systems.
Definition 1: For the FLC defined in (3), we say the control input variable has high resolution in for the control output variable if for all (6) We say the control input variable has low resolution in for the control output variable if for all (7) and the value is defined as the resolution degree of the control variable for . We can say the same thing for the other control input variable
Then we see that the following proposition is true. namely, if has resolution degree one for , then for has resolution degree for for all Proof: When the universe of discourse of is , the grade of each label is described by a fuzzy set , which is a triangular-shaped membership function in Fig. 4 . Then these fuzzy sets can be expressed as where (9) For these fuzzy sets, if for (for all , then for some and , the following holds: for all (10) for all (11) for all (12) This proposition shows that the resolution degree of the control input variable can be changed by the scaling gain as shown in Fig. 4 . When according to Definition 1, for has times higher resolution than for in . It is noted that if and the variable has the universe of discourse times larger than that of , it will have the same resolution degree as the variable . We present this property in the next proposition. We use these propositions to design a new adaptive FLC that has dead-zone inverse characteristics. Actually, by using adaptive resolution degrees in the steady state different from those in the transient states, the fuzzy dead-zone inverse can be obtained. We know from Proposition 1, the resolution degree is related with the scaling gains of each input variable. Therefore, by adjusting the scaling gains of control input variables intelligently according to the steady-state errors, the desired fuzzy dead-zone inverse can be accomplished in the control process. In the next section, we describe in detail the methodologies of designing the new adaptive FLC, which implements the dead-zone inverse in it.
IV. DESIGN OF DEAD-ZONE INVERSE FUNCTIONS USING FUZZY LOGIC CONTROL
A. Analysis of Fuzzy Logic Control System in Steady States
The overall fuzzy logic control system is described by the following equations:
where and is given by (5) . For the dead-zone output , (1) is used. is the reference input and is the plant output. Because in the steady states, becomes
If the single-tone method is used in the output variable -the center values of the output single-tones are the same as those of the input variable -and the output control gain is equal to one, the relation between and becomes . This is a linear mapping between the input variable and the output variable . After passing through the dead-zone block,
. If the control signal from the fuzzy controller is smaller than the dead-zone size, the zero input is forced to the plant and the states of the plant stay at the previous values. The error also remains at the previous value and the change of error becomes zero as well. Therefore, the dead zone generates a residual steady-state error that is called the dead-zone effect.
Our approach to overcome this residual steady-state error is to construct a dead-zone inverse to "cancel out" the dead-zone effect dynamically so that the desired control signals can be applied to the plant without being affected by the unknown and/or time-varying dead zones as nearly as possible in the steady states and so that the residual error can be reduced to zero. This is possible when there exists a "dead-zone inverse" in front of the dead-zone block, namely, after the controller block. But we cannot design the exact inverse of the dead zone because the dead-zone characteristics are unknown. Its inverse can only be estimated from the input-output relations of the plant, or inferred by fuzzy relationships between input and output variables.
Instead of designing a separate dead-zone inverse block, we develop a new adaptive fuzzy controller which has the implicit fuzzy dead-zone inverse and whose input-output mapping changes from the normal control mode to the dead-zone inverse mode when the dead-zone effect becomes severe; that is, when the control process is near the steady states.
B. Implementation of the Fuzzy Dead-Zone Inverse
Let be the signal from a linear controller that achieves the control objective for the plant without the dead zone. The control signal is generated according to the dead-zone inverse in Fig. 6(a) described by (20) where is an estimate of the dead-zone size and is an estimate of the slope . Fig. 6(b) shows an alternative version of the hard dead-zone inverse of Fig. 6(a) . It is a soft dead-zone inverse [9] . Though the soft inverse avoids the discontinuity at , it introduces an error in the cancellation of dead-zone effects. But if is bounded, the error is bounded and can be made arbitrarily small by the fuzzy dead-zone inverse.
In Fig. 6(b) , we know that the soft dead-zone inverse is related with the control resolutions, which is defined in Section III. Fig. 6 (b) also shows that it should have a high degree of resolution when the error is small and a low one when the error is relatively large to cancel out the dead-zone effect in the steady states. This means that the scaling gains must be adaptively adjustable according to the steady state errors and the magnitude of the control input variables.
The scaling gains should be large for high resolution and small for low resolution. That is, the scaling gains must be large for small errors and small for large errors to avoid the dead-zone effect in the steady states. This means that the adaptive fuzzy logic control system magnifies the errors in the steady state and tries to minimize the steady state errors. Therefore, the scaling gains must be inversely proportional to the magnitude of the input variables. From the aspect of Proposition 2, large scaling gains for small errors mean decreased universe of discourse for small errors and vice versa.
This includes the fine tuning concept. As the control process goes on, if the process error is decreased, the range that error can take is reduced. Using the reduced universe of discourse makes the control process fine.
Our FLC's have two control input variables-process error and change of the error, therefore, they have two scaling gains. Let us denote a scaling gain for the error is and one for the change of error is where means that the gains are time dependent parameters. For the required resolutions in the steady states, each of them must be a decreasing function of the magnitude of the corresponding variable. That means when the error or change of the error is increasing while the control process is near the steady states, the scaling gains should be changed small inversly proportional to the magnitudes of the error or the change of the error and vice versa. Therefore, we consider the following functions as adequate candidates: where , , and are tuning factors and is a small positive value which avoids the denominators from being zeros. Surely they are inversely proportional to functions of the magnitude of the input variables, respectively. Also, they have the following characteristics:
Adjusting the scaling gains by the functions in (21) and (22) can make the desired fuzzy dead-zone inverse. Fig. 7 shows the fuzzy relationship between the control input variable and the control output variable when we use the triangular-shaped membership functions and the defuzzification method in (5) is zero). This turns out to act like the fuzzy dead-zone inverse.
From this point of view, instead of using two independent functions, it is reasonable to consider merging (21) and (22) into one function for the two scaling gains as follows:
(23) Fig. 8(a) shows the relationships among the scaling gain function, error, and change of error. In (23), when , the first two terms in the denominator is a square of the distance from the equilibrium point (0, 0) to the present state . This is shown in Fig. 8(b) . But these adaptive gains should be used only when the system is near the equlibrium point; that is, when the error and the change of the error are relatively small. The reason is explained in the following section in detail. 
C. Prevention of Oscillation or Divergence in Control Output
As the control algorithm converges to the steady state, the adaptive FLC considers that the errors are still relatively big and provides large control outputs since the scaling gain is inversely proportional to the errors. If the dead-zone nonlinearity is time-invariant, the algorithm will eventually fix the steady-state errors by providing appropriate correcting control outputs.
In the case that the dead-zone nonlinearity is time-varying due to some environmental fluctuations or some applied disturbances, a new steady-state error will be created. Then the FLC magnifies and amplifies this steady-state error by the fuzzy dead-zone inverse action. This is what we call a "self-perturbing action." The controller produces a big remedy control output to correct this discrepancy in the steady state. However, if this action is faster than convergence speed, it will provoke an oscillation in control outputs.
In order to overcome this difficulty, we have to devise an intelligent adaptive scheme in convergence behaviors of the algorithm. That is, we have to make the control algorithm be fast in convergence to the steady state. But slow in divergence (which means from the steady state to the transient state) owing to self-perturbation that was brought about by the timevarying dead-zone inverse characteristic.
To prevent these possible oscillation phenomena of control output stated in the above paragraph, constant scaling gains are desirable when the system is not near the equilibrium point. Therefore, the control system has to be operated in two different modes. When the system is going toward the steady states, i.e., the magnitude of the error is small and decreasing, the scaling gains in (23) are applied (Mode 1) and, in the opposite cases, constant scaling gains should be used (Mode 2). This is shown in Fig. 9 . In all cases, the scaling gain of the control output is kept as a constant. These modes are like hysteresis. In Mode 1 (steady states), the fuzzy deadzone inverse is formed and applied to cancel out the dead-zone effect and Mode 2 follows an ordinary fuzzy control rules.
D. Validity Example of the Fuzzy Dead-Zone Inverse
We show the validity of the fuzzy dead-zone inverse implemented in the above sections by the following simulations of examples. In Fig. 10(a) , if there was no dead-zone block, the relationship between and would maintain a linear one. Actually, this is a part of Fig. 1 . For showing the canceling of the dead-zone effect, which is fed back to the controller, the position of controller and the dead-zone block is exchanged in Fig. 10(a) . The dead-zone block distorts the control signal and generates causing a steady-state error. This steady-state error is transfered to the controller. Because the dead-zone characteristics are not measurable, the conventional controllers fail to recover the distorted control signal. When the proposed fuzzy control scheme is used, the dead-zone effect is reduced significantly and the desired linear mapping in the dead-zone between and can be obtained, as shown in Fig. 10(b) . This shows that the proposed fuzzy logic control scheme produces appropriate control resolution degrees in the steady states and transient ones. In this simulation, the deadzone size is assumed to be unknown. The proposed FLC just estimates what state the control process is in by the method described in the previous section. Then it generates a control signal with proper resolution degrees that acts like a dead-zone inverse in the steady states by adjusting the scaling gains with (23). Finally, the dead-zone inverse formed like this way cancels out the unknown dead-zone effect. 
V. SIMULATIONS
A. Second-Order System with Unknown and/or Time-Varying Dead-Zone
In order to verify the validity and advantages of the proposed fuzzy control scheme, it is applied to a second-order system with unknown dead-zone characteristics in the actuator.
The system used in the simulation is . For comparison, results using the fuzzy PI controller with adaptive gain-tuning method [7] are included. The parameters for the fuzzy PI controller are tuned adaptively by the method in the literature [7] and the values obtained are shown in Table I The parameter values for the proposed fuzzy controller that has the fuzzy dead-zone inverse in the steady states are and . The control process begins from the transient state with the above initial values. The scaling gains are fixed with those values in the transient states. But once the control process reaches the steady state, the control algorithm begins the adaptation of the scaling gains by (23). The time when the process is near the steady state or not is detected by comparing the values of the present error and change of error values with the previous ones. If the error has small values, not decreasing and the change of the error is observed keeping negligible values continuously, then the process is assumed to be in the steady state giving a steady-state error. While the process diverges (that is, when the process goes from the steady state to As shown in Fig. 11 , the conventional FLC results in the residual steady-state error due to the unknown dead zone. And the fuzzy PI adaptive-gain tuning method shows bad performances in the transient state. But the proposed fuzzy logic control scheme shows almost perfect performances in both the transient and the steady states. For the simulations of Fig. 11 the dead-zone size and slope were used. Varying the slope has no effect on the performance of the proposed scheme.
Next, we assume that the dead-zone has a time-varying characteristic (dead-zone size changes with time) as shown in Fig. 12 , which shows the dead-zone size is 0.3 at first, slowly changes to 1.0, abruptly down to 0.6, and finally reaches 0.1 as time goes on. Fig. 13 shows the step response of the proposed control scheme comparing with two other control schemes. The slope is 1.2 for Fig. 13 (a) and 0.6 for Fig. 13(b) . We do not analyze mathematically the ability of the proposed controller coping with the time-varying dead-zone characteristics here. Instead, we give a qualitative explanation below.
When the control process arrives at the steady state, if the dead-zone size changes to some larger value abruptly, other control schemes will give a larger steady-state error. The control output may oscillate or diverge due to the abrupt changes. However, in the case of the proposed control scheme, the abrupt change of the dead-zone characteristic is detected and absorbed to the fuzzy dead-zone inverse and the mode control scheme. This mechanism is described in detail in the above section-Prevention of oscillation or divergence in control output. Therefore, the proposed control scheme can control the time-varying dead-zones. We can also show this by the next simulation result-an inverted pendulum problem.
B. Inverted Pendulum with Unknown and/or Time-Varying Dead-Zone
The second application considered is the problem of balancing an upright pole, i.e., an inverted pendulum. The inverted pendulum system is composed of a rigid pole and a cart on which the pole is hinged. The cart moves on the rail tracks to its right or left, depending on the force exerted on the cart. The pole is hinged to the cart through a frictionless free joint such that it has only one degree of freedom. The control goal is to balance the pole starting from nonzero conditions by supplying appropriate force to the cart.
The dynamics of the inverted pendulum system are characterized by four state variables: (angle of the pole with respect to the vertical axis), (angular velocity of the pole), (position of the cart on the track), (velocity of the cart). The behavior of these four state variables is governed by the following differential equations [11] : (24) where mass of cart; mass of pole; distance from pivot to pole's center of mass; acceleration of gravity m/s .
This model is a fourth-order nonlinear system with input force in Newton (N) and output angle in degree . The system is inherently unstable and has severe nonlinearity in itself. Thus, it is very difficult to solve this control problem by the traditional analytical method. Moreover, we consider that unknown dead-zone exists in the actuator. 10[N] has no effect on the plant. And the slope is 1.2.
In Fig. 15 the control signals are illustrated. We include the result of a conventional fuzzy PD controller for explaining the "self-perturbing action" of the proposed scheme. The selfperturbing action, which is described in the previous section, begins from 0.35 s to escape the dead-zone. Using the selfperturbing action, together with the fuzzy dead-zone inverse, which is formed during the control process, the control process moves to the equilibrium point giving nearly zero steadystate error even when there exists an unknown dead-zone characteristic. Fig. 16 shows the simulation results when the initial angle of the pole is changed to 31.67 and the control signals are shown in Fig. 17 .
Finally, we show the simulation results in Figs. 18 and 19 when the actuator is assumed to have the time-varying unknown dead-zone characteristics. In this case, the control process does not reach the exact equilibrium point. However, the proposed control scheme shows far less steady-state error and lower works (control forces integrated over the control time) to control the inverted pendulum system. 
VI. CONCLUSIONS
Traditional controllers or other control schemes that do not consider the unknown dead-zone effect show steady-state errors when they are exposed to the unknown dead-zone environments; specifically, the steady-state error increases in proportion to the size of the dead-zone and, moreover, the dead-zone characteristics are time-varying sometimes. This is due to the fact that almost linear mapping is implemented between the input and output control variables in the steady states even though there exist nonlinear dead-zone effects in the actuator. Therefore, we need to construct an FLC that can cancel out the dead-zone effects automatically. We design an implicit fuzzy dead-zone inverse and it is shown that forming the fuzzy dead-zone inverse is equal to implement fuzzy mappings, which have different control resolutions in the steady states and the transient states.
The fuzzy dead-zone inverse is proved to be equal to make the control input variables have different control resolutions in the steady state from those in the transient state. We should adjust the control resolution of each control input variable so that the desired fuzzy dead-zone inverse be formed in the steady states.
Since these characteristics are required only in the steady states, we use the normal fuzzy control mode when the system is not in the steady states. Therefore, the control system is operated by switching between two control modes-the normal control mode when the system is moving from the steady states to the transient state and the fuzzy dead-zone inverse mode when the system is converging toward the steady states. By using this mode control scheme, the controller shows self-perturbing action and can absorb abrupt changes or disturbances. This makes it possible to control the time-varying dead-zone case.
These new control schemes are applied to the control of a second-order system and the control of an inverted pendulum system. Simulation results show that using this new methodology produces excellent performances in both the transient and steady states even when there exist unknown and/or time-varying dead-zone characteristics.
However, there is some remaining work to do. The research continues on mathematical analysis of the convergence behaviors and the uniqueness of the inverse model and, as a typical case in practice, the effect of the presence of saturating nonlinearities should be studied further. 
